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Abstract The amino acid sequence determines the individual
protein three-dimensional structure and its functioning in an
organism. Therefore, “reading” a protein sequence and
determining its changes due to mutations or post-translational
modifications is one of the objectives of proteomic experi-
ments. The commonly utilized approach is gradient high-
performance liquid chromatography (HPLC) in combination
with tandem mass spectrometry. While serving as a way to
simplify the protein mixture, the liquid chromatography may
be an additional analytical tool providing complementary
information about the protein structure. Previous attempts to
develop “predictive”HPLC for large biomacromolecules were
limited by empirically derived equations based purely on the
adsorption mechanisms of the retention and applicable to
relatively small polypeptide molecules. A mechanism of the
large biomacromolecule retention in reversed-phase gradient
HPLC was described recently in thermodynamics terms by the
analytical model of liquid chromatography at critical con-
ditions (BioLCCC). In this work, we applied the BioLCCC
model to predict retention of the intact proteins as well as their
large proteolytic peptides separated under different HPLC
conditions. The specific aim of these proof-of-principle studies
was to demonstrate the feasibility of using “predictive” HPLC
as a complementary tool to support the analysis of identified
intact proteins in top-down, middle-down, and/or targeted
selected reaction monitoring (SRM)-based proteomic
experiments.
Keywords Proteins . Liquid chromatography . Retention
time prediction .Mass spectrometry . Sequence variants
Introduction
Proteomics is a rapidly evolving technological platform that
embraces multidisciplinary approaches to effectively charac-
terize proteins on a large scale [1]. To expound the
fundamental molecular mechanisms associated with cell
and/or organelle function, global knowledge of the expressed
proteomes under different environmental conditions is
required, including protein sub-cellular localization, post-
translational modifications (PTMs), protein sequence muta-
tions, and interactions [2]. To function correctly, each cell
depends on thousands of proteins to function in the right
places at the right times. When a mutation alters a protein
that plays a critical role in the body, pathological changes in
an organism may result [3]. The challenges usually faced
when studying the organism’s proteome are the large variety
of proteins, the high concentration diversity of different
proteins in a sample, and the rapid changes in the cell’s
protein content during its lifetime. Development of analytical
instrumentation and data analysis tools for species of
biological importance is a rapidly growing and highly
demanded area of method development efforts. The impor-
tant building platform for this yet emerging field is “omics”
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cascade which includes genomics, transcriptomics, proteo-
mics, and metabolomics [4]. Despite a substantial progress in
mass spectrometry-based protein characterization achieved
recently in various application areas, its reliability and
robustness remain a challenge [5]. A combination of liquid
chromatography (LC) and tandem mass spectrometry (MS/
MS) is a method of choice for the protein identification in a
sample because of its high-throughput and sensitivity [6].
There are two main approaches that reduce sample com-
plexity before a mass spectrometer. In the first one, the intact
proteins or large protein fragments are separated externally to
a mass spectrometer and then fragmented inside, followed by
mass analysis of the protein fragments or the intact proteins
(top-down proteomics [7]). On the contrary, in the MS-based
“bottom-up” proteomics [8, 9], proteins are digested proteo-
lytically and tandem mass analysis is performed on the
proteolytic peptides separated by LC systems.
In either top-down or bottom-up approaches, LC plays a
slave role as a separation tool that simplifies and purifies a
mixture of either proteins, or the proteolytic peptides before
the MS analysis. At the same time, protein sequence
identification can be further improved by accurate predic-
tion of the respective retention times (RT) during the
chromatographic runs in both approaches, providing a
second dimension in the protein search space. For example,
matching between observed and predicted peptide retention
times in the 2D LC-MS space can “filter out” a large
number of misidentified peptides (false positives) found
using MS/MS database searches [10–16]. To use LC data
for the above purpose, a quantitative relation between
retention times and the protein sequence has to be
established. This relationship is achieved using an applica-
ble sequence-dependent model for the RT prediction (the
comprehensive reviews of peptide RT prediction models
can be found in [17, 18]). The existing approaches to RT
prediction are based on artificial neural networks (ANN)
[19], various empirical models starting from the early
Sanger’s work [20], or other semi-empirical additive
models [21, 22]. In another predictive model, the additive
approach based on the amino acid composition was
amended by the introduction of sequence-specific correc-
tion factors (SSRCalc model) [23]. Note that the most
accurate RT prediction models, like the ANN or SSRCalc,
require large datasets obtained from LC analysis of well-
known peptides. Besides, the correct prediction of the
elution order of peptides with re-arrangements of amino
acid residues within known sequences has not been fully
demonstrated yet. Most importantly, the above approaches
have limited capabilities for prediction of retention times
for large sequences such as intact proteins or the proteolytic
peptides containing more than 40–50 amino acid residues.
Due to the large training dataset requirement, the extension
of “predictive” capabilities of empirically derived HPLC
models for large macromolecules is a challenging and time-
consuming task. In summary, there is no general analytical
theory describing from the first principles the separation of
large-size biomacromolecules such as proteins.
Recently, we have introduced phenomenological descrip-
tion of biomacromolecule separation called Liquid Chro-
matography of Biomacromolecules at Critical Conditions
(BioLCCC) [24, 25]. The model relies on a number of
phenomenological parameters, including the interaction
energies of amino acid residues with the adsorbent surface,
specific to particular separation conditions (ion-pairing
reagents, type of the stationary phase and its surface
chemistry [26], etc.). These parameters are directly mea-
sured using a set of well-defined sequences. After these
parameters being determined, the model is able to predict
the RT of a protein sequence, thus providing additional
sequence identification tool, complementary to MS/MS. In
spite of being fully analytical (contrary to empirical
approaches) the model has demonstrated its ability to
predict retention times for tryptic peptides with the
determination coefficient of R2∼0.87 to 0.95. The main
concept behind the model is based on the “random-walk”
chain approximation introduced in chromatography by
DiMarzio and Rubin [27] to describe the behavior of large
chain-like macromolecular structures and later advanced
into the comprehensive treatment of retention of synthetic
polymers and oligomers as a concept of critical liquid
chromatography (LCCC) [28]. Therefore, from the intrinsic
nature of the BioLCCC model, it presents the opportunity to
better, comparably with relatively short peptides, describe
retention of large protein sequences, for which the “chain”
approximation becomes rather bold and inaccurate.
In this work, we applied the BioLCCC model to predict
retention times for intact proteins as well as large-size
proteolytic peptides separated under various reversed-phase
chromatographic conditions. To demonstrate its predictive
capabilities we selected proteins with minor differences in
amino acid sequences, termed here as “point mutations” or
“sequence variants”, as well as their digests obtained using
pepsin-based proteolysis.
Experimental
LC-MS grade water and acetonitrile (ACN) were purchased
from Sigma-Aldrich (Buchs, Switzerland). Trifluoroacetic
acid (TFA) and formic acid (FA) were purchased from Fisher
Scientific (Loughborough, UK) and Merck (Darmstadt,
Germany), respectively. Bovine and canine cytochrome c
(C3131 and C4013, respectively), and porcine pepsin (P700)
were obtained from Sigma Chemical Company (Steiheim,
Germany). Equine cytochrome c was purchased from
Calbiochem (Darmstadt, Germany). The HPLC Janeiro
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CNS quaternary pump (Thermo Scientific, Switzerland) used
in this study was coupled to the electrospray ionization
source of a linear ion trap mass spectrometer (LTQ XL from
Thermo Scientific, Bremen, Germany). A Discovery BIO
WidePore C18300 Ǻ, 150×2.1 mm, 5 μm particle size
column was purchased from Supelco (Bellefonte, USA).
Proteins and their proteolytic peptides were separated using
linear gradients (solvent A: water 95%, ACN 5%, 0.1% FA,
solvent B: water 5%, ACN 95%, 0,1% FA) at room/ambient
temperature for flow rates of 0.2 mL/min.
The in-house developed software package “Theoretical
chromatograph-BioLCCC” was used to calculate retention
times (RT) for proteins and peptides. The software is
currently available for: (1) two types of ion-pairing
reagents, TFA and FA; (2) different types of stationary
phase chemistry including the polar group-embedded
reversed-phase C18 AQ (the FA-based BioLCCC model
was implemented for AQ phase only [28]); (3) several
amino acid modifications: specifically, phosphorylation,
methionine oxidation and cystein carboxyamidomethylated;
and (4) different C- and N- terminal groups including C-
terminal amidation and N-terminal acetylation. The open-
source libraries for “Theoretical chromatograph-BioLCCC”
are available on-line at http://theorchromo.ru for both FA-
and TFA-based separations. In addition to the data
generated in the present study, HPLC data for intact protein
separations, available in the literature [29–31], were used to
compare experimental and predicted retention times.
Cytochrome c proteins from different organisms were
digested using pepsin according to standard procedures
described elsewhere [32]. Digestion was performed with a
substrate ratio (enzyme to protein) of 1:20. The resulting
proteolytic peptides were identified from tandem mass spectra
using Mascot search engine (v.2.1) through the SwissProt
database (selected enzyme was “pepsin A”). Data-dependent
MS/MS acquisitions (on the five most intense peaks observed
in MS1) were performed using preliminarily optimized tune
file and a mass/charge range comprised between 300 and
2,000m/z.
Result and discussion
Theoretical background of the BioLCCC model
The system of basic equations in BioLCCC model has been
previously reported elsewhere [24, 25]. Briefly, it consists
of the equation for the effective energy of interaction
between the amino acid residue and the surface, εeffi
(phenomenological parameter of the model); the equation
for the chromatographic distribution coefficient Kd that is
resulted from DiMarzio–Rubin’s “random-walk” model
[27], the relationship between the solvent strength, εAB, T
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Table 2 Comparison of experimental and predicted retention times for intact proteins separated in [29–31]
Protein N MW, kDa Average RTexp, min RT (BioLCCC), min RT (SSRCalc [15]), min RT (Additive models),
min
[13] [29] [30]
Peptide S4 10 1 10.2 8.2 10.8 11.8 11.9 8.4
Bovine Insulin (B-chain) 36 3.7 15.4 16.9 14.8 12.5 12.4 12.9
Horse Cytochrome C 104 11.7 16.1 17.1 16.1 13.7 13.5 16.3
Bovine Ribonuclease A 124 13.7 14.0 15.1 13.2 13.9 13.8 16.8
Chicken lysozime 129 14.3 17.5 17.5 16.2 14.9 14.5 17.4
Whale myoglobin 152 17 20.1 20.5 19.5 16.2 15.7 18.3
Rabbit RsTnC 159 18 21.7 20.9 21.6 16.6 16.1 18.6
Bovine α-chymotrypsinogen 245 25.7 20.5 19.4 18.2 19.0 18.7 20.1
Rabbit RcTM 284 32.7 19.1 17.2 17.6 18.6 18.5 20.3
Ovalbumin (common turkey) 386 43 22.4 22.6 22.0 25.5 25.7 22.1
Yeast enolase 436 46.7 20.9 20.7 23.5 24.7 25.2 22.2
BSA 583 66.4 18.6 20.5 23.1 29.2 30.6 23.3
Experimental retention times were converted into the universal scale of absolute retention times corresponding to the HPLC protocols used for the
system #5 (Table 1). Experimental RTs obtained for all HPLC systems and protocols were then averaged for each of the proteins. Predicted RTs
were obtained for the system #5 HPLC conditions using five retention models: BioLCCC, SSRCalc, Retention Coefficient (RC) theory [21, 22],
and RC theory by Sakamoto et al. with sequence length correction [38]
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Fig. 1 Correlations between experimental and predicted retention times for 11 proteins under study for different retention models: a BioLCCC model; b
additive model (RC theory [22]); c additive model with sequence length correction proposed in [38]; d SSRCalc model by Krokhin et al. [23]
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obtained within Langmuir isotherm approximation and
which is the free energy change for organic solvent
molecules during its adsorption/desorption at the sur-
face, and the equation for the retention volume VR in the
gradient LC:
"effi NBð Þ ¼ a X 0i  "AB NBð Þ
 
Kd ¼ 1D UT
Qn
i¼2
W "effi
 
P0
"AB NBð Þ ¼ "A þ ln 1 NBðV Þ þ NBðV Þ exp "B  "Að Þ½ RVRV0
0
dV
VpKdðV Þ ¼ 1
ð1Þ
Here, the subscript i denotes an amino acid residue in the
protein/peptide sequence, A and B are water and organic
solvent molecules, X 0i is an energy of an interaction between
stationary phase and the biomacromolecule, and NB(V)
reflects a change in the mole fraction of organic component
of the mobile phase in the course of a gradient elution. Note
that the main assumption behind the BioLCCC model is that
the interactions between the residues and the surface are
short-range “local” interactions. Another assumption of the
model is that the interactions between the binary solvent and
the surface are limited by Langmuir isotherm approximation
resulting in Eq. 1 for the solvent strength εAB. According to
the model, all possible positions of each of the residues in
the sequence are described by transition matrices W(εeffi), the
products of which determine the possible configurations of a
biomacromolecule chain of length N (N here is the number
of residues) for a particular position of the first residue in the
sequence. Respectively, the possible positions of the first
residue in the sequence inside the pore are determined by the
so-called starting vector P0 (that is the transition matrix for
this residue). The total number of possible configurations for
a given sequence will be the sum (using a unit row-vector
UT) of transition matrix products over all possible starting
positions of its first residue. This number of configurations is
the partition function of a particular sequence inside the pore
which, by definition in chromatography, is the distribution
coefficient Kd(V) [33]. In case of a gradient separation, the
distribution coefficient Kd(V) defines the retention volume.
In this equation, Vp and V0 are the pore and interstitial
volumes, respectively. Using the formalism of the BioLCCC
model described by the system of equations above one can
predict retention of any peptide or protein of known
sequence separated under gradient and/or isocratic conditions
in the whole range of mobile phase compositions. Note, that
at the microscopic level of description the BioLCCC model
operates within the assumption on the flexibility of the
macromolecule. This assumption considers the macromole-
cule as a random coil applicable to a certain class of the
proteins which are in a denatured state under acidic RP Ta
b
le
3
C
yt
oc
hr
om
e
c
se
qu
en
ce
s
fo
r
eq
ui
ne
,
bo
vi
ne
,
an
d
ca
ni
ne
E
qu
in
e
G
D
V
E
K
G
K
K
IF
V
Q
K
C
A
Q
C
H
T
V
E
K
G
G
K
H
K
T
G
P
N
L
H
C
L
F
G
R
K
T
G
Q
A
P
C
F
T
Y
T
D
A
N
K
N
K
G
IT
W
K
E
E
T
L
M
E
Y
L
E
N
P
K
K
Y
IP
G
T
K
M
IF
A
G
IK
K
K
T
E
R
E
D
L
IA
Y
L
K
K
A
T
N
E
B
ov
in
e
G
D
V
E
K
G
K
K
IF
V
Q
K
C
A
Q
C
H
T
V
E
K
G
G
K
H
K
T
G
P
N
L
H
G
L
F
G
R
K
T
G
Q
A
P
G
F
SY
T
D
A
N
K
N
K
G
IT
F
G
E
E
T
L
M
E
Y
L
E
N
P
K
K
Y
IP
G
T
K
M
IF
A
G
IK
K
K
G
E
R
E
D
L
IA
Y
L
K
K
A
T
N
E
C
an
in
e
G
D
V
E
K
G
K
K
IF
V
Q
K
C
A
Q
C
H
T
V
E
K
G
G
K
H
K
T
G
P
N
L
H
G
L
F
G
R
K
T
G
Q
A
P
G
F
SY
T
D
A
N
K
N
K
C
IT
W
G
E
E
T
L
M
E
Y
L
E
N
P
K
K
Y
IP
G
T
K
M
IF
A
G
IK
K
T
G
E
R
A
D
L
IA
Y
L
K
K
A
T
K
E
10
20
30
40
50
60
70
80
90
10
0
“P
oi
nt
m
ut
at
io
ns
”
ar
e
re
nd
er
ed
in
ita
lic
s
Chromatography to complement MS-based protein identification 2525
HPLC conditions. For example, most of the globular proteins
may satisfy this assumption.
Application of the BioLCCC model to predict retention
of intact proteins
Table 1 summarizes the experimental conditions used for
the separation of intact proteins in the earlier published
works [29–31]. All separations were TFA-based using
reversed phases C4, C8, and C18 and a variety of columns
of different lengths and internal diameters. The protein
sequences were extracted from the UniProt database
available at http://www.uniprot.org. For each of the proto-
cols and separation conditions, the retention times for
extracted sequences were calculated using TFA-based
version of the BioLCCC software TheorChromo at http://
theorchromo.ru. Both experimental and predicted retention
times using different retention models are shown in Table 2.
In this table, all experimental retention times obtained for
different separation systems and conditions were normal-
ized to the conditions of system #5 described in Table 1.
The normalization procedure was introduced earlier and
relied on the multiple-point normalization approach [34,
35]. In brief, this approach is based on the assumption that
within a predefined set of HPLC conditions the experimen-
tal retention times linearly correlate with each other. Note
that this assumption is valid in a range of HPLC conditions
that have to be identified experimentally. In general, the
wide variations in these conditions (column parameters,
chemistry of reversed-phase, gradient profile, etc.) may
result in nonlinear behavior of the separation selectivity
[26, 35, 36]. Therefore, the basis for this normalization is
the presence of strong linear correlation between experi-
mental times with the determination coefficient R2 of 0.98
to 0.99 for the datasets used in this study (not shown).
Using the equation y=ax+b with coefficients a and b
obtained for the correlation between experimental times one
can convert all experimental times to the ones corresponding
to the conditions used in system #5. After the conversion, we
then calculated the average experimental RTs for each of the
equine cytochrome C
bovine cytochrome C
canine cytochrome C
1
2
3
4 5
6
1
2
3
4
5 6
1
2
3
4
5
7
(a)
(b)
(c)
(d)
1. L.AGIKKKTEREDL.I
2. L.IAYLKKATNE.
3. E.KGGKHKTGPNLHGLF.G
4. T.YTDANKNKGITWKEETL.M
5. F.TYTDANKNKGITWKEETL.M
6. F.GRKTGQAPGFTYTDANKNKGITWKEETL.M
7. Y.LENPKKYIPGTKMIF.A
8. E.YLENPKKYIPGTKMIF.A
9. M.EYLENPKKYIPGTKMIF.A
10.L.MEYLENPKKYIPGTKMIF.A
1. L.AGIKKTGERADL.I
2. L.IAYLKKATKE.
3. E.KGGKHKTGPNLHGLF.G
4. S.YTDANKNKGITWGEETL.M
5. F.SYTDANKNKGITWGEETL.M
6. F.GRKTGQAPGFSYTDANKNKGITWGEETL.M
7. Y.LENPKKYIPGTKMIF.A
8. E.YLENPKKYIPGTKMIF.A
9. M.EYLENPKKYIPGTKMIF.A
10.L.MEYLENPKKYIPGTKMIF.A
1. L.AGIKKKGEREDL.I
2. L.IAYLKKATNE.
3. E.KGGKHKTGPNLHGLF.G
4. S.YTDANKNKGITWGEETL.M
5. F.SYTDANKNKGITWGEETL.M
7. Y.LENPKKYIPGTKMIF.A
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7
8
8
9
9
10
10
Fig. 2 Chromatograms of HPLC separation for a mixture of
cytochrome c proteins (a) and the proteolytic peptides obtained using
pepsin for equine cytochrome c (b); canine cytochrome c (c); and
bovine cytochrome c (d). HPLC conditions used in this study were the
following: mobile phases A: 5% ACN+0.1% FA and water; B: 95%
ACN+0.1% FA and water, linear gradient of 0–35% B in 120 min,
flow rate of 0.2 ml/min, ambient temperature; column: Discovery BIO
WidePore C18300 Ǻ, 150×2.1 mm, 5 μm particle size
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proteins from all available experimental runs. Similar normal-
ization procedure was used for retention times predicted using
different retention models. Thus, Table 2 shows both
experimental and predicted retention times in the universal
scale allowing direct comparison of the absolute RT values.
Figure 1 represents comparison of the correlations between
experimental and predicted RTs for different models. The
BioLCCC model gives the best correlation R2 of 0.89
(Fig. 1a). Expectedly, the additive model [22] using the
summation of retention coefficients (RC) corresponding to
each of the residues comprising the sequence,
P
i
RCi,
underperforms the other models as seen in Fig. 1b. It was
known long time ago that the RC-based model can correctly
predict RTs for relatively short macromolecules not exceed-
ing 10 to 15 monomers (or residues in case of the
biomacromolecules) [37]. To correct the effect of sequence
length on retention time two approaches have been proposed.
In the first approach, the effect of the sequence length was
taking into account by using the equation RT P
i
RCi 
1 m lnðNÞð Þ [37], where N stands for the number of
monomers (residues) in the sequence and m is empirically
derived coefficient equal to 0.21 [36]. The applicability of
this equation is limited by the sequences not exceeding ∼50
residues. In the other approach by Sakamoto et al. the
sequence length was taken into account by the equation
RT  ln 1þP
i
RCi
 
[38]. We have found that the latter
approach significantly improves the correlation between
experimental and predicted RTs for the proteins under study.
Figure 1c shows the results of its application for the proteins
under study. Note, that in the correlation shown in Fig. 1c we
used retention coefficients obtained in [38]. These coeffi-
cients are different from the ones obtained by Meek et al. for
the original additive model [21, 22] and later by Gilar et al.
for the additive model with sequence length correction [37].
Finally, Fig. 1d shows also the result of using TFA-based
SSRCalc model developed by Krokhin et al. [23] (on-line
version 3.2.3 at http://hs2.proteome.ca/SSRCalc/SSRCalc32.
html). Being the most accurate empirical model for
prediction of RTs of tryptic peptides it also performs better
than any of the additive models when applied to the proteins.
Contrary to empirical and additive approaches, the BioLCCC
theory relies on the consideration of the large macromolecule
as a Gaussian coil. Because the proteins can be better
described by the Gaussian coil approximation compared with
the short peptides it is not a surprise that protein retention is
predicted by this model with the relatively high accuracy.
However, one should understand that this approximation is
not applicable for the proteins in their native globular form.
Obviously, the chromatographic retention times for proteins
in their native form will not be sequence-specific and,
therefore, the high correlation between the sequence-specific
retention time predictions using the BioLCCC model and the
experimental retention times indicates the coil-like confor-
mation of the proteins separated in the cited works under
acidic conditions of pH∼2.0.
Table 4 Experimental and
predicted retention time (min)
for cytochrome c protein
sequence variants
Organism Retention times (RTexp/RTBioLCCC), min
Gradient profile
0–35%B in 120 min 0–35%B in 56 min 0–35%B in 35 min
Equine 86.29/89.04 42.4/43.29 27.26/28.04
Bovine 91.97/90.84 44.84/44.14 29.02/28.59
Canine 93.36/92.44 46.17/44.89 29.47/29.04
Error (min) 2.21 1.21 0.70
Equine
Hippopatamus
Miniopterus
Bovine
Canine
Hippopatamus
Camelus
Oryctolagus
R2 = 0.95
84
86
88
90
92
94
84 86 88 90 92 94
RTexp, min
all variants
correct variants
R
T B
io
LC
CC
, 
m
in
 
Fig. 3 Correlation between experimental and predicted retention
times for cytochrome c proteins identified from bottom-up experi-
ments with protein digests obtained using pepsin IMER. Also shown
are the protein candidates suggested by Mascot. HPLC conditions
used are: mobile phases A: 5% ACN+0.1% FA in H2O; B: 95%ACN
+0.1%FA in H2O; linear gradient of 0–35%B in 120 min; flow rate of
0.2 ml/min; ambient temperature; RP column Discovery BIO
WidePore C18 300Ǻ, 150×2.1 mm, 5 μm particle size
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Protein sequence mutations
For the purpose of this study, we have selected proteins
with slightly different sequences, referred here as
sequences with the “point mutations”: cytochrome c
proteins originated from equine, bovine, and canine.
These proteins are also interesting as they reveal the
fundamental sequence specificity of the chromatographic
data. Note, that the MS-based identification of the proteins
with “point mutations” is especially challenging because
the corresponding enzymatic digests are highly cross-
correlated and contain large number of identical proteolitic
peptides. Cytochrome c proteins selected have the same
sequence lengths (104 residues) and differ by three to six
residues as shown in Table 3. These proteins were
separated using FA-based HPLC on reversed-phase C18
column followed by MS measurements. Figure 2a shows
the total ion chromatograms (TIC) for all three proteins
and Table 4 summarizes the corresponding experimental
and predicted retention times. The separations were
performed using three different gradient profiles shown
in Table 4. Interestingly, we observed significantly better
correlation between predicted and experimental retention
times when using short gradient, 0–35% B in 35 min,
compared with the longer ones. We do not have an
explanation for this observation at this time that warrants
further studies on the matter. Importantly, the BioLCCC
model correctly predicted the elution order of the proteins
with minor differences in the sequences.
To further reveal how the prediction of chromatographic
times of the intact proteins may assist in the protein
identifications we applied the bottom-up approach using
tandem mass spectrometry. All three proteins were enzymat-
ically digested using pepsin as described in “Experimental”
section above. This digestion was followed by a standard
reversed-phase LC-MS/MS analysis. Figure 2b, c, and d
show TIC chromatograms for the proteolitic peptides for
equine, canine, and bovine cytochrome c proteins, respec-
tively. The peptides were subjected to collision-activated
dissociation (CAD) MS/MS in the LTQ followed by
fragmentation data processing and identification using
Mascot as a search engine. This processing yielded up to
four protein candidates for each of the digests. The results of
identifications are shown in Fig. 3 as a correlation between
experimental retention times for the proteins and predicted
retention times for all protein candidates including the actual
ones. The protein candidates corresponding to the cyto-
chrome c proteins under study correlate with their respective
predicted retention times, whereas the false positive matches
are the obvious outliers. Therefore, the described approach
can be a useful filter of false positives in the intact protein
identifications including both top-down and bottom-up
proteomics methods.
Conclusions
The BioLCCC model has been applied to predict retention
times of intact proteins having up to 583 amino acid residues
in a sequence. Rather high correlations (determination
coefficient R2 of up to 0.9 that corresponds to the Pearson
coefficient R of 0.95) between predicted and experimental
retention times for proteins separated using different
reversed-phase stationary phases and HPLC protocols have
been demonstrated. The results obtained show that the
BioLCCC separation model provides a realistic picture of
HPLC separation of large biomacromolecules such as
proteins and, thus, can be used as a good starting point to
interpret separation data in terms of minor differences in
sequences of intact proteins due to mutation and/or post-
translational modifications. In one possible approach, the
utilization of predicted retention times for the intact proteins
and their comparison with experimental data allows filtering
of incorrect protein assignments in top-down proteomics.
Potentially, prediction of retention times can be further used
to build up the intact protein retention time database that can
be used in protein identification, the approach similar to
accurate mass and time tag “shotgun” method for peptide
identifications [39, 40].
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